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Sub-national estimates of HIV prevalence can inform the design of policy responses to the HIV epidemic. Such responses also benefit from a better understanding of the correlates of HIV status, including the association between HIV and geographical characteristics of localities. In recent years, several countries in Africa have implemented household surveys (such as Demographic and Health Surveys) that include HIV testing of the adult population, providing estimates of HIV prevalence rates at the sub-national level. These surveys are known to suffer from non-response bias, but are nonetheless thought to represent a marked improvement over This paper-a joint product of the Human Development Economics, Europe and Central Asia Region; and Poverty and Inequality Team, Development Research Group-is part of a larger effort to publish policy-relevant research. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The authors may be contacted at oivaschenko@ worldbank.org and planjouw@worldbank.org. alternatives such as sentinel surveys. At present, however, most countries are not in a position to regularly field such household surveys. This paper proposes a new approach to the estimation of HIV prevalence for relatively small geographic areas in settings where national population-based surveys of prevalence are not available. The proposed approach aims to overcome some of the difficulties with prevailing methods of deriving HIV prevalence estimates (at both national and subnational levels) directly from sentinel surveys. The paper also outlines some of the limitations of the proposed approach.
Introduction
Collecting data on HIV/AIDS is notoriously difficult. As a result, common data sources in most countries do not yield representative sub-national prevalence estimates.
As in most Sub-Saharan African countries, Malawi monitors HIV prevalence predominantly through antenatal clinic (ANC) sentinel surveillance (National AIDS Control Program, 2000) . Surveillance is conducted every one to two years using a consistent methodology in the same population group, namely pregnant women who attend antenatal clinics (ANC).
2 ANC sentinel surveillance systems use unlinked, anonymous, methods for specimen collection and testing to avoid participation bias which can significantly affect HIV prevalence estimation. However, there remain many other potentially important biases inherent in sentinel data: ANC sites are often concentrated in more urban or readily accessible locations; pregnant women may be having unprotected sex at a greater rate than the general population of women; women with potential HIV-associated infertility are not captured; pregnant women that come to the ANC sites are likely to be more educated; and so on. In addition, extrapolations from pregnant women to the population as a whole (men and women) are often based on questionable assumptions.
Malawi's HIV sentinel surveillance indicates that HIV prevalence among antenatal attendees increased rapidly between the late 1980s and early 1990s. By the middle of the 1990s, prevalence stabilized and has since remained fairly constant.
It has been suggested that weighting of sentinel data can help overcome some of the above biases (Eckert et al, 2002) . However, such corrections are likely to address, at best, only those biases arising from variables observed in the sentinel data, such as age, education, and place of residence. Moreover, they can only be applied to the age groups of women observed in the sentinel data. An additional problem with sentinel data encountered in many countries, including Malawi, is that not all districts, or other subnational units, have sentinel sites. 3 implies that extrapolation to the national level, using the prevalence rates from sentinel data, may be very imprecise. Indeed, even in those districts that have sentinel sites the precision of the prevalence rates cannot be estimated as sentinel survey is not population based, and thus standard errors of the prevalence estimates cannot be estimated.
The only way to overcome the many biases inherent in sentinel data is to draw a nationally (and, ideally, sub-nationally) representative sample of the population and have respondents tested for HIV. National population-based surveys represent a much wider proportion of the population than do sentinel sites, since such surveys include nonpregnant women and also men, and they usually cover a large geographical area. Malawi is one of only a few countries where, for the first time in 2004, a Demographic and Health Survey (DHS) was fielded with the aim of collecting nationally representative data on the prevalence of HIV (NSO, Malawi and ORC Macro, 2005) . 4 In Africa, such surveys still remain scarce as they are costly to implement. Moreover, even nationally representative household surveys are not immune from bias because of possibly significant non-response (Mishra et al., 2006 (2006) . 5 The adjusted prevalence among women and men age 15-49 was 14.7% for women and 12.5% for men.
There was a substantial difference in prevalence between urban and rural areas -18.3% vs. 11.3%, respectively. Adult HIV prevalence, extrapolated from the 2001 ANC data, was estimated at 15% (25% in urban areas and 13% in rural areas). In line with the overall global trends, the HIV incidence rate in Malawi is estimated to have stabilized since late 1990s, and is estimated at about 1% of the overall population (Bello et al, 2006) . HIV prevalence for women in the 2001 ANC data is reported in Table 1 . 6 Boerma, Ghys and Walker (2003) argue that estimates derived from such surveys are likely to be lower than true population prevalence, but the magnitude of the bias varies between countries. In essence, this is an out-of-sample prediction. 8 Case studies using similar approach to predict welfare estimates show that the method provides unbiased estimates with relatively small standard errors, and are precise enough to allow for comparisons across geographic areas (Hentschel et al., 2000) . 9 We anchor our estimates to the 2000 DHS because other data used (sentinel, census, GIS) have also been collected around that time. More discussion on this is provided later in the paper. Elbers et al (2003) , use bootstrap simulations to calculate the prediction error of the district-level estimate when estimating poverty rates after combining household survey data with population census data. This prediction error consists of three components: idiosyncratic error, which is the deviation of the actually observed prevalence from its expected value; model error, which is due to the variance in the parameter estimates; and computation error, which arises from the way the expected value of the prevalence is computed. We produce standard error calculations based on the same procedure, but these are partial only, as they do not reflect the additional contribution to the overall standard errors stemming from the fact that the DHS 2000 survey is a sample survey rather than population census.
The remainder of the paper is organized as follows. 
Methodology and Data

2a. The basic idea
The methodology used in this paper draws on the recently developed small area estimation techniques applied to welfare measurement (Elbers et al., 2003) . 12 The idea is 12 The important distinction is that while in the welfare measurement the household survey is representative of the total population of households, in the prevalence measurement ANC data are representative of only the respective sub-population of all population of women. The paper discusses in a greater detail below the possible ways to deal with this caveat.
Such commune/district means are useful because individual infection status is clearly seen as dependent not only on individual characteristics, but also on regional factors. The construction of regional means is driven by a priori expectations on which regional factors are likely to be correlated with the probability of HIV infection, as well as by data availability. Importantly, the set of explanatory variables is restricted to those that can be linked to individuals in the DHS 2000 sample. Second, the set of parameter estimates resulting from the estimation of the model is applied to the identically defined variables in the nationally representative DHS 2000 sample (again, these variables will consist of the individual level characteristics such as age and education that are identically defined in both the DHS2000 and the sentinel dataset, and the same commune/district means that were inserted into the sentinel dataset for the probit model) to obtain the predicted probability of being HIV/AIDS positive for each woman in the DHS2000. Third, individual-level HIV status indicators are aggregated up to our desired geographic level to obtain the estimate of HIV/AIDS prevalence for respective sub-population groups. The level of geographic aggregation is restricted to the level at which DHS2000 data is nationally representative, which is a district unit in our case. 14 The section below describes in a greater detail each step involved in the analysis.
2b. The prediction model
The first concern is to develop an accurate empirical model of p i , the individual HIV status observed in 2001 sample of women attending ANC sites. Since the dependent variable is a dichotomous one, the estimation is performed using maximum likelihood probit. The specification of the model in general terms can be presented as:
where X i is a vector of individual level characteristics, and X r is a vector of district/subdistrict characteristics affecting a person's chance of being HIV infected, α and β are the vectors of parameter estimates. Φ denotes the standard normal cumulative distribution function.
The choice of X i variables is restricted to those individual characteristics observed in the 2001 sentinel survey data which also occur and are identically defined in the DHS 2000 data. These variables are individual's age and educational status. Since the age distribution for women in the DHS sample is from 15 to 49 years, we also restrict the 14 Note that using unit record census data as a base for prediction would allow obtaining the accurate estimates of HIV prevalence for much smaller administrative units. However, we do not have access to such data. It is also important to bear in mind that aggregation does not need to be geographical. One can, for example, estimate prevalence by age groups, etc.
sentinel survey sample to women of the same age group. 15 The application of the methodology is based on the assumption that the age/gender distribution for women in the DHS closely reflects that observed in the sentinel data.
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The first issue is important because if the total DHS sample is far from being close to the sentinel data by age/education distribution, we have to focus on the sub-group of DHS women closest to sentinel survey women (such as pregnant women or antenatal clinic attendees) and/or we must reweigh the sentinel survey data so that it becomes representative by age/education of a particular sub-group or all women in the DHS.
However, this is not likely to be the case since the sentinel survey refers to pregnant women who attended sentinel sites, while DHS covers all women age 15 to 49. Two important issues that need to be investigated in this context, before we can confidently move ahead, are thus whether: 1)
any sub-group of women in the DHS sample matches sentinel survey women in terms of age/education distribution, so that we could restrict our predictions to that specific subgroup; and 2) to what extent the population of women residing in districts with sentinel sites is representative of women nationwide?
The second issue is important because a crucial assumption we make in estimating the model based on sentinel survey data is that no strong selectivity exists in terms of sentinel sites' placement across the districts (i.e., the population of women from districts with sentinel sites is fairly representative of the total population of women).
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The first issue is investigated by looking at the age/education distributions for various sub-groups of women in the DHS 2000 (all women, ANC attendees who gave birth last year, ANC attendees that agreed to having a blood sample drawn and who gave a birth last year, currently pregnant women) and comparing them to the distributions for 15 This means that we have to drop only 15 out of 7300 observations for which age is observed (the total sample size of 2001 sentinel survey is 7372). 16 The key issue in extrapolating from antenatal clinic data to a population of all women (age 15 to 49) is that in the ANC data there is literally no information on women who have not recently been pregnant. Hence, similar to other matching techniques, such as the Propensity Score Matching, the proposed method assumes that these women do not differ significantly on individual unobserved variables from those who do get captured. This assumption may be reasonable given that the average fertility rate in Malawi is 5.7 children born/woman. To check for the robustness of the results, predictions are made not only for all women (age 15-49) in the DHS, but also for the sub-samples of the currently pregnant women and ANC attendees in the DHS. Those results are reported and discussed further in the paper. One should also keep in mind that the assumptions made when extrapolating the prevalence directly from the ANC data to the total population (as it is done conventionally in many countries) are more involved and less plausible compared to those that are involved in the SAE methodology. 17 Note that only 18 out of 26 districts have sentinel sites.
those women in the sentinel survey data. The second issue is investigated by comparing, for each sub-group of women, distributions for women from sentinel site districts with those for all women. The results are presented in Table 2 .
We can draw several conclusions based on these results. First, the sample of all women in the DHS 2000 is clearly different in its age/education structure from all other sub-samples. Second, the sample of currently pregnant women in the DHS 2000 is very similar in terms of age and education distributions to the sample of the last year ANC attendees in the DHS 2000. The only exception is that the share of the youngest group (age 15 to 19) is higher for currently pregnant women (probably because the youngest are less likely to seek antenatal care). Third, the only difference between all ANC attendees and those ANC attendees who gave the blood sample is that the latter tend to be somewhat more educated. Fourth, the sentinel survey sample seems to be closest in terms of age and education distribution to the samples of currently pregnant women and ANC attendees in the DHS. Despite this broad similarity it is important to note that the sentinel survey sample is younger and more educated (it has similar share of women with primary education, but a noticeably higher share of women with secondary+ education).
The findings outlined above indicate that basing our predictions in the DHS2000
survey either on the sample of last year ANC attendees or on currently pregnant women should not lead to significant differences in results. However, the former sub-group is probably preferable due to its larger size, which is especially important considering that our predictions will be at the district level. In addition, since even the sample of ANC attendees is somewhat different by age/education distribution from the sentinel survey sample, we will need to re-weight the sentinel data to correct for this problem, i.e. to make both distributions match by age/education. It is noteworthy that comparing the distributions by age/education for districts with sentinel sites to the distributions for all districts we find no statistical difference between the samples (for all groups of women),
indicating that the population of districts with sentinel sites reflects well the total population of women ( Table 2 ).
The next step involves the calculation of weights that make the distribution by age/education in the sentinel survey reflect that of a specific group in the DHS. We construct two sets of weights. The first set forces the age and education distribution in the sentinel survey to mirror that of ANC attendees while with the second set the age and education distribution of the sentinel survey mirrors that of all women in the DHS. Note that for age/education cells with less than 20 observations we do not reweigh the data (i.e., the weight of unity is assigned). The first/second set of weights will be used in the probit models from which we will then make DHS based predictions for ANC attendees and for all women (aged 15-49). 18 The age/gender distributions for various groups of women, and the resulting sets of weights, are presented in Tables 3a-3b . GIS data, and the 2000 DHS. Table A1 in the Appendix presents the list of district/subdistrict level variables used in the analysis, their sources, units of variables' measurement, initial level of aggregation, the level of aggregation used in the analysis, and the rationale for these variables. To use these commune/district level means in our analysis we merge both the sentinel survey and the DHS data with these regional variables on the basis of the identification numbers for respective geographic units
The results indicate that for any given age group, the sample of women from the sentinel survey has a higher share of those with secondary+ education. The constructed weights correct for this problem.
Obviously, not all of the variables listed in Table A1 can enter the regression due to a high degree of collinearity among many variables. Hence, the subsequent step of the analysis involves selecting a sub-set from all possible regional variables to enter the final regression model. A separate model is estimated for each of the three major regions in the country (North, Central, and South) to allow parameter estimates to vary across regions.
For each region we select a specification of the model that achieves a high degree of predictive power. As mentioned above, when estimating the model we use a set of weights that make sentinel survey reflect a specific group of women in the DHS in terms of age/education distribution. We also take into account the clustering effect which results from the fact that there are groups of observations which come from the same sentinel site, and thus there are some unobservable characteristics common for all women from a specific sentinel site. The empirical results will be discussed later in the paper. We next describe how we obtain district-level predictions (point estimates).
2c. Predictions of HIV prevalence
The estimation of regression equation (1) using the sentinel data (merged with the district/sub-district means) produces the vectors of parameter estimates α and β, as well as the vector of residuals. Note that since a separate specification is estimated for each region, these vectors will be region-specific.
The predicted values of HIV prevalence are computed in the following way. We first obtain the empirical distributions of α and β from the model by making 100 draws using bootstrap simulations. We denote these vectors as α n and β n , where n denotes the number of rows in the vector (with the number of columns being equal to the number of variables in the model). Next, to obtain the vector of simulated errors we save the vector of residuals after the model estimation, and then make 100 random draws with replacement from this vector using bootstrap simulations. We denote this drawn vector of residuals as e n (with the number of columns being equal to one) . The vectors α n , β n , and e n are then added to form a matrix, which we can name B.
Each row of values found in
this matrix is applied to the values of respective variables in the DHS 2000 data to make a prediction of individual's probability of being infected for each observation in the DHS.
This can be expressed as:
where superscript i refers to a given observation, and superscript n refers to the number of the row in the B matrix used in the estimation. As a result, for each observation (individual) we obtain the number of predictions equal to n.
To obtain the estimate of prevalence at the district level (or any other level of aggregation we are interested in) we first calculate the mean value by district for each column of observations, denoted Pr n . Note, the calculation of the means takes into account the sample frame of the DHS sample (i.e., stratification and clustering). As a result, for each district we obtain the vector of n such means (with n=100 in our case).
The mean calculated over those n means will be our point estimate of predicted prevalence. 
Empirical Results
3a. Regression results
We first report and discuss the regression results which form the basis for predicting the HIV prevalence into the DHS 2000 and estimating prevalence rates at the district level. Table 4 presents the results based on the set of weights that make the distribution by age/gender for women in the sentinel survey reflect that for all women in the DHS. As mentioned earlier the estimated coefficients represent correlations, not impact parameters. Omitted variable bias is thus likely to afflict these models and as such the interpretation of estimated parameters is not terribly meaningful. Nonetheless, we offer a few comments on the estimated correlations based on the results reported in Table   4 . 21 As mentioned earlier, a sense of the precision of our prevalence estimate can be obtained by calculating the standard deviation of those n means calculated above. This statistic will capture two important components of the overall total prediction error: idiosyncratic error and model error. A further component, computation error is attributable to the employment of a bootstrap simulation approach. With the number of simulations (n) equal to 100, the computation error is equal to σ/10, where σ is the standard deviation of the distribution of means. Thus by choosing a large enough number of simulations, the computation error can be set arbitrarily small. By combining the idiosyncratic, model and computational errors we obtain the prediction error. To this error one would still need to add the sampling error attributable to the DHS 2000 sampling design in order to obtain the final, total, predication error (see Elbers et al, 2003, and Elbers et al 2008, for further discussion).
Urban/major city location is associated with a higher risk of HIV infection -this finding is consistent across regions. Mean population age and share of women who report knowledge of HIV prevention practices appear significant only in the Central region.
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The regression results for all districts show an inverted U-shape relationship between the HIV infection status and age -the probability of being HIV-infected first increases to about age of 30, and then decreases. This is consistent with the "benchmark"
2004 Malawi DHS data which show that HIV prevalence peaks for women and men age
30-34 (NSO, Malawi and ORC Macro, 2005).
We find a positive correlation between the share of people living below the poverty line and the probability of being HIV-positive in the North and South regions.
Education level is found to be correlated positively with the risk of being HIVinfected in the North and Central regions. This correlation is also validated by the 2004
Malawi DHS data, which show higher HIV prevalence among women with secondary or higher education. Interestingly, the 2004 Malawi DHS showed no significant differences in the testing refusal rates among women with various education levels.
The share of orphans in the TA is positively correlated with positive HIV status in the regression specifications for all regions of Malawi. That is not surprising given that higher HIV prevalence in a sub-district results in the larger death toll and hence in the higher share of orphans.
There is a negative correlation between the mean age at first sex and the mean age at first marriage (for women) in the TA and the individual probability of being HIVpositive. We also find a negative correlation between the share of women in TA who report knowledge of HIV prevention methods and the probability of being infected in the Central region.
All in all the results described above appear broadly consistent with our expectations and with prior work on HIV in Malawi. Table 5 . The reported estimated (partial) standard errors provide a sense of the accuracy of our SAE based district-level predictions. Note, however, that these standard errors are understatements of the true standard errors (in the same way that the sentinel-data based estimates are also subject to some kind of sampling error).
3b. Predicted prevalence at the district level
We first notice that although the regressions are estimated at the regional (North, Central, South) level, the estimates of HIV prevalence based on in-sample predictions into the 2001 sentinel survey data are generally quite close to the observed prevalence. This indicates that the regression model estimated at the region level is able to provide a good fit at the district level as well.
It is noteworthy that predicted HIV prevalence rates in the DHS sample at the regional level mask substantial heterogeneity across districts -even for the districts belonging to the same region. For instance, in the South region the estimated prevalence varies from 11% for Mwanza district to 25.6% for Mulanje (Table 5) .
24
How good are our predictions using the small area estimation (SAE) methodology compared to our "gold standard" of HIV prevalence rates derived directly from the 2004
Malawi DHS? Table 6 reports estimates of HIV prevalence derived directly from the 2004 DHS for a selection of 9 districts, as well as estimates at the all-Malawi level.
25
District level estimates are, on the whole, also fairly close (Table 6) DHS data suggest that prevalence amongst women in Zomba (24.6%) is nearly twice the national figure for this population group (13.3%). The SAE-based estimate, on the other hand, suggests that prevalence amongst women in this district is also on par with the national figure for women (13.4% versus 13.2%). These examples serve to remind that while the SAE methodology is certainly likely to introduce a degree of uncertainty into assessments of HIV prevalence, it is also the case that "gold-standard" estimates, based on direct measurements, deserve a degree of circumspection.
Conclusion
In most developing countries, including Malawi, estimates of HIV prevalence are obtained through sentinel surveys of women visiting antenatal clinics (ANCs). Sentinel surveys are often the only source of information on HIV prevalence in a country, and as such are extremely useful. However, they are subject to numerous limitations. These surveys are not based upon a probability sample and are not representative of the population as a whole. Moreover, they do not provide reliable information on prevalence at the sub-national level.
In recent years, several countries in Africa have implemented Demographic and Health Surveys (DHS) that include HIV testing of adult population.
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This paper proposes a new approach to the estimation of HIV prevalence for relatively small geographic areas. The proposed approach is believed to overcome some of the difficulties/biases involved in currently existing methods of deriving HIV prevalence (at both national and sub-national levels) directly from sentinel surveys. The paper provides justifications why a new method could be useful, and also describes the limitations of the proposed approach.
These surveys are generally large in size and thus usually permit the calculation of prevalence rates at some sub-national level. Although these surveys are known to suffer from non-response bias, they unquestionably represent an improvement over sentinel surveys. However, such population-based surveys of prevalence rates are still very rare. There is thus an interest to search for improved methods for small-area estimation (SAE) of HIV prevalence which would make it possible to produce more accurate (compared to those extrapolated directly from the sentinel surveys) sub-national estimates of HIV prevalence when population-based surveys of prevalence are not available.
The methodology proposed in this paper is similar in spirit to the poverty mapping methodology introduced by Elbers et al.(2003) . The method essentially involves 3 stages.
In the first stage the information from a DHS (or similar survey) on individual characteristics (such as age and education) of women (age 15-49) is used to weight the respective individual information from the sentinel antenatal clinics. In the second stage, 26 The full list of those countries is provided in the UNAIDS Report (UNAIDS, 2006) . the resulting weights are used in estimating a probit model with the sentinel data that includes individual information combined with the geographical/administrative variables (some of the latter coming from the census and other data linked in using GIS) to obtain a set of parameter estimates on correlates of HIV status (with no claim to causality). In the third stage, these parameter estimates are applied to the identically defined variables in the DHS (or similar) survey to predict HIV prevalence for each target woman in the DHS sample. Aggregation is then performed to obtain an estimate of prevalence at the desired geographic level.
The estimates produced using this SAE approach are then compared to those derived directly from the sentinel data in Malawi. The SAE estimates suggest lower HIV prevalence than is found in sentinel data. We further compare SAE estimates with "gold- In sum, the results generally indicate that the SAE methodology introduced here can potentially hold a lot of promise. First, it produces estimates of prevalence that are lower then those derived directly from sentinel data. This is good news because in all countries where recent DHS surveys have included direct HIV testing the findings confirm that sentinel data overestimates prevalence (UNAIDS, 2007) . Second, the SAE methodology produces estimates of prevalence which are quite close to the "goldstandard" prevalence rates obtained from a nationally representative survey that directly collects information on HIV prevalence. Third, given the right set of data (and assumptions) the SAE methodology can potentially produce estimates of prevalence at a more disaggregated geographical level than the DHS.
27
In closing it is important to emphasize that the SAE methodology outlined here should be further tested in countries where direct testing for HIV was undertaken in order to provide further verification of the approach. Further work is also needed to develop more complete estimates of the precision of predicted prevalence rates. A potential area of further research might also be to explore how HIV prevalence obtained via this approach can predict HIV incidence compared to conventional estimates from surveillance and DHS surveys.
As argued above, it is worth noting that the "gold standard" of population-based surveys testing for HIV is also subject to error, considering that significant adjustments to the survey data might still be needed to account for non-response. Hence, the SAE methodology could potentially be used as a tool to verify DHS-based results.
27 For example, if one makes the predictions based on the census sample.
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Tables
DHS data
Age at first sex years individual TA (TA mean is constructed from cluster means; cluster Early age at first sex increases chances of unprotected sex, and increases the length of exposure to sex (incl. unprotected sex)
